Promoting the use of public transportation is an important approach to develop sustainable mobility. However, lots of potential users of public transportation chose taxi, a semi-private mode for convenience. In this study, we first define this potential urban rail transit demand based on its spatiotemporal features. Then a novel data mining method is proposed to ascertain the potential urban rail transit demand from taxi trajectory data through considering spatial and temporal constraints simultaneously. Two features of the potential demand, i.e., the zero rates and volatility, are obtained by the combination of statistical and feature extraction (local neighbor descriptive pattern, LNDP) techniques. They are used to classify the urban rail transit stations into different categories which need different improvement measures to promote the attraction to the potential users. The effectiveness of the proposed method is tested using the GPS trajectory data of Shanghai collected from over 10,000 taxis in 12 consecutive days. We find that most urban rail transit stations have the potential to absorb the regular part of taxi ridership. Moreover, obvious imbalances exist between access and egress potential travel demands at these stations. The results show that metro stations can be classified into six groups according to the time-varying laws of potential travel demand, four of which need urgent measures. These findings provide useful insights for developing more effective and targeted strategies to encourage travelers to shift to public transportation. The estimated method of potential demand is the prerequisite for further optimization models.
I. INTRODUCTION
Low proportion of travel demand served by public transit systems is a key problem that impedes sustainable urban development. Rapid urbanization and motorization in China's metropolitans brought up problems of traffic congestion, environmental degradation, and energy shortage. Improvement in the public transport system has been widely regarded as an effective way to solve the above problems [1] , [2] . However, a low level of urban rail transit service in some regions causes residents to rely heavily on taxis or private cars. Therefore, it is necessary to explore the potential users and identify its spatiotemporal characteristics to increase the The associate editor coordinating the review of this manuscript and approving it for publication was Jerry Chun-Wei Lin . utility of the transit system by providing sufficient urban rail transit service [3] .
The issues of transit ridership and mode shift have been widely studied [4] . Most studies have focused on the relationship between the existing demand and the impact factors (such as built environment), access mode [5] , or rail users' satisfaction levels of service quality [5] - [7] . These studies provide managers and planners with important insights on how to improve the service level of public transport. However, lack of understanding the spatiotemporal characteristic of the potential travel demand made the sharing rate of public transport systems fail to achieve the expected goal. Therefore, more targeted and effective policies and strategies are needed to break this predicament. Since traditional survey data inevitably fail to capture the broad variation in VOLUME 8, 2020 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ spatiotemporal patterns of travel demand, large-scale mobility datasets, such as taxi GPS trajectories, have significant advantages of widening insights into travel behavior [8] .
These types of datasets have been applied to formulate new research questions that could not be answered previously [9] . For instance, the complex relationship among the taxi, bus, and urban rail transit has been revealed from the travel pattern perspective. But what kind of travel demand has the possibility of mode shift among these different modes in public transportation has been still lack of attention. Hence, the potential of large-scale trajectory data in mode shift analysis has not been fully explored. This study focuses on data mining of taxi GPS trajectory data to determine the potential urban rail transit demand and analyze the spatiotemporal characteristics of this demand to improve urban rail transit service. The potential urban rail transit demand refers to the taxi trips whose origin and destination are in the service area of the rail stations. These trips occur regularly and are spatially stable; therefore, they have the possibility to shift to the urban rail transit system from the taxi mode, when the service of urban rail transit is promoted. In this study, the potential urban rail transit demand is extracted from taxi GPS data by considering the spatiotemporal relationships between the two traffic modes. Then, a new feature extraction technique called local neighbor descriptive pattern (LNDP) is employed to classify the rail stations into different categories according to the timevarying curve of the potential demand at each urban rail transit station. These data can be used to provide targeted policies for encouraging urban rail transit use.
The remainder of this paper is organized as follows. Section 2 presents a brief overview of current studies related to taxi GPS data mining with a focus on the public transport field. Section 3 introduces the study area and data. Section 4 describes the methodology of mining the potential urban rail transit demand and categorizing the rail stations. Section 5 focuses on the analysis and results. Section 6 summarizes the main findings of this study and points out the directions for future studies.
II. LITERATURE REVIEW
In the last two decades, researchers in different fields have undertaken various studies on mining taxi GPS trajectory data, thereby enriching the data analysis methods and theory. For example, He et al. [10] proposed a mapping-to-cells method to extract traffic dynamics and identify congestion on freeways using floating car data. Meanwhile, the traffic congestion at urban intersections also can be indentified solely using sparse probe vehicle Data [11] . Zhang et al. [12] employed GPS trajectory data from Didi Chuxing to estimate trip travel time distribution by a deep learning method.
In recent years, research on public transportation using trajectory data has become a hot spot. Specifically, the taxi GPS data has been employed to study critical issues related to public transportation, such as flexible bus route planning [13] , traffic hotline design [14] , and the analysis of the relationship between taxi and subway travel modes [15] , [16] . This research provided new perspectives on reexamining the issue of public transport development.
Chen et al. [17] proposed a two-phase approach for bidirectional night bus route planning using large-scale taxi GPS data. They also designed the night bus lines by analyzing single-directional and bi-directional route flows. Xu et al. [14] proposed a method to discover traffic hotlines in common scenarios over Cloud of Things by using big taxi GPS data. The results can be applied in two application scenarios: constructing the traffic links and recommending the shuttle bus stops. Bastani et al. [13] proposed a flexible system to provide a transportation mode to connect buses and taxis and developed the routes based on passenger trip data from a large taxi trajectory dataset.
Studies on the association between subway and taxi from the perspective of travel patterns have also been conducted. A newly opened subway has both positive and negative effects on taxi ridership in nearby regions [18] . By integrating taxi GPS trajectory and subway transaction records, Li et al. [15] examined the spatial variation of urban taxi ridership after the opening of a new subway line. It was found that increases in travel time and distance increased the demand for subway, whereas the taxi trips largely represented movements in locations that the subway did not reach. The relationship between taxi and subway travel in different cities was evaluated using regression analysis. Austin and Zegras [19] investigated the complement or substitute relationships between taxicab and mass transit system in Boston, using taxicab trips recorded by the self-swipe credit card payment devices. Li et al. [20] examined the travel mode choice behavior between subway and taxi and the dominant influences based on taxi trip records collected in Beijing, China. They found that for 85.15% of investigated taxi trips the travel time or walking distance involved in taking the subway exceeded an acceptable threshold. Wang and Ross [4] focused on the synergetic relationship between taxi and urban rail transit and categorized taxi trips into three types depending on the spatial relationship between the taxi trip and the fixed-route transit stations, namely transit-competing, transit-complementing, and transit-extending trips. The classification hinges on whether a taxi trip could have been made by taking transit serve a route or time that the transit system does not serve, or is likely serving as an access/egress mode to transit. The analysis showed that different types of taxi trips served very different market segmentations. The transitcompeting part accounts for 58.54% taxi trips, indicating that there existed a certain amount of potential transit demand. Jiang et al. [16] used Beijing taxi data to investigate the multifaceted relationships between taxi and subway modes; the results showed that the propostion of subway-competing taxi trips was 19.32%. Li et al. [21] analyzed and predicted the potential passenger demand for the last train using the taxi GPS data and bus GPS and smart card data. The forecasted potential passenger demand was used as the basis of optimizing coordination of last train transfers. Although GPS tracking data of taxi have been used to analyze the mutual relationships among taxi, bus, and urban rail transit, there is still a lack of empirical studies on promoting the competitiveness and attractiveness of urban rail transit. This study will contribute to the existing literature by exploring the potential demand for urban rail transit based on taxi GPS trajectory data. By investigating the inherent spatiotemporal characteristics of taxi trips, we try to explore which part of taxi trips has the potential to shift to the urban rail transit system. Based on the classification of the taxi trip demand proposed by [4] , [16] , the potential urban rail transit demand is defined and the data are extracted from the transit-competing trip dataset. Subsequently, we conduct an in-depth analysis of the spatiotemporal patterns of the potential transit demand to derive policy implications for improving the competitiveness of the public transportation system.
III. DATA AND STUDY AREA
Shanghai is the most populous city in China, and has a polulation of more than 24 million people (Shanghai Bureau of Statistics, 2015). In the last two decades, urbanization and industrialization in the suburban areas of this city have relieved the traffic and environmental pressures of the downtown area and resulted in population increases in the suburban areas. However, the gap between the inadequate infrastructure of public transportation and the increasing travel demand leads to a stronger dependency on semi-private or private modes [22] . As a previous study [15] demonstrated, the farther the distance from the city center, the greater the substitution effect of the subway is. Therefore, we chose a district located outside of the Middle Ring Road of Shanghai (see Fig. 1 ) as the study area. The urban rail transit network of Shanghai consists of 17 lines, and they build up a ''ring + radiation'' structure. The density of the lines and stations is far higher in downtown than in the suburban areas. The urban rail transit operates from 5:30 am to 11:30 pm for 18 hours, which is the observation period used in this study. A critical indicator, service area, needs to be defined first before analyzing the urban rail transit service. A service area is defined as the area that includes most of the potential riders around a transit station [7] . It has been shown that the commonly used distance of 800 m (0.5 miles) around urban rail transit stations when accessing the system by foot underestimates the service coverage; it is also known that the 85 th percentile of the walking distance of commuters is 1,259 m. Considering the ubiquitous bike-sharing system existing near subway stations and resident communities in Shanghai, it is reasonable to assume that the service area of a urban rail transit station is larger than 1,259 m. Therefore, the service radius of 2 km (about 1.25 miles) was used to estimate the potential demand based on previous studies [4] , [23] , [24] . One other thing to note is that the service area of urban rail line was also considered to explore the potential urban rail transit demand as much as possible. Finally, the service areas of the urban rail transit in Shanghai were the union of these two types of zone shown as the green buffer zone in Fig. 1 . This definition considers the largest possible area in which the substitution effect may occur, i.e., a substantial mode shift in the taxi volume and trip pattern within a 1 km radius of the subway line [15] , and the ''last mile'' coverage by other traffic modes.
The dataset used in our research consisted of temporallyordered positions of more than 10,000 GPS-enabled taxis in 12 days from August 1st to 12th, 2015. The temporal resolution of the vehicle trajectory was about 20 s and the dataset contained more than 30 million records each day. Each record has five main attributes: vehicle ID, timestamp, longitude, latitude, and taxi status (zero/one for vacant/occupied). In order to eliminate the effect of noise on the accuracy of the algorithm, the data were filtered before analysis. The raw dataset has no information about the passenger(s)' trip, such as the origin, destination, and purpose. The data of passenger pick-up or drop-off can be inferred based on the status attribute [25] , [26] . Therefore, it was possible to extract the taxi trips during the study period and ascertain which part of taxi trips could be shifted to the urban rail transit sector.
IV. METHODOLOGY A. ALGORITHM AND VARIABLES
We propose a framework for mining the potential urban rail transit demand from the GPS trajectory data of the taxis. The flowchart of the algorithm is illustrated in Fig. 2 . It consists of three main parts: (1) deriving the potential urban VOLUME 8, 2020 rail transit trips, which refers to identifying the taxi trips from the trajectory data and filtering the trips that meet the spatiotemporal constraints; (2) decomposing the demand matrix, which refers to extracting the deterministic demand with the features of time regularity and spatial stability using the matrix decomposition algorithm; (3) clustering the urban rail transit stations according to the temporal pattern of the potential urban rail transit demand. The variable notations are listed in Table 1 and the details are explained in the following section.
Definition 1 (Time Slot): Time slot, also known as the time slice, was defined by [27] as a certain time interval. In this study, a 2-h interval is used to split the observation period (the urban rail transit operation period) into 9-time slots.
Definition 2 (Trajectory): As defined in a previous study [28] , a trajectory is a sequence of GPS records collected when a taxi moves. It includes the occupied (delivery time) and empty statuses (cruising time). The empty status indicates that a taxi is not carrying any passengers and runs to seek the next passenger. The occupied status indicates that a taxi transports one or more passenger(s) to a specific destination at that time.
Definition 3 (Trip): A trip means a complete trajectory finished by a taxi from the time a person got into the taxi to the time the person got off the taxi. A trip of a taxi is a subset of its trajectory and a trajectory of a taxi consists of multiple trips, whose number depends on the taxi driver performance [28] .
Definition 4 (Spatial and Temporal Constraints): Spatial constraint refers to both the origin and destination of a trip located in the service area of the urban rail transit. Temporal constraint refers to the fact that the difference in travel time between urban rail transit and a taxi should be within an acceptable range. The reason is that a traveler cannot shift to urban rail transit from taxi when taxi travel has an advantage in terms of travel time.
Definition 5 (Potential Urban Rail Transit Trip): In reality, if a passenger's trip satisfies the spatial and temporal constraints simultaneously, he/she has the possibility to choose urban rail transit instead of the taxi mode. In other words, the difference in the travel time and spatial relationship between the taxi and urban rail transit should be both taken into account when filtering the potential urban rail transit trip.
Definition 6 (Potential Urban Rail Transit Demand): It should be noted that the potential urban rail transit trip includes stochastic, occasional, and regular travel patterns. The regular part of the potential urban rail transit trip is more suitable for the urban rail transit. Therefore, we define this part of the trip as the potential urban rail transit demand in this study. 
B. DERIVING THE POTENTIAL URBAN RAIL TRANSIT TRIPS
Let tr 1 and tr 2 be the trajectories of two taxis, shown in Fig. 3 . tr 1 is composed of {p 11 , p 12 , · · · p 110 } and tr 2 is composed of {p 21 , p 22 , · · · p 29 }. The red points represent a taxi's occupied status and the blue ones represent the empty status. Based on the recognized principles of status change [25] , [26] , p 14 and p 19 on tr 1 and p 23 and p 28 on tr 2 are drop-off points. p 17 on tr 1 and p 25 on tr 2 are pick-up points. According to Definition 2, trips extracted from tr 1 and tr 2 are trip 1 = {p 17 , p 19 } and trip 2 = {p 25 , p 28 }. If the absolute value of t for a trip is less than the tolerable time difference of passenger (ε), the trip is considered to satisfy the temporal constraint [20] . It is worth noting that the value of ε should not be a constant but should vary with the scale of the travel time or the distance of the trip. Let ε i equal a function of the travel time by taxi, time t . To ensure that the algorithm is rigorous, the optimum threshold value ε i should be calibrated based on a survey of the travelers in the study area, which is one of the objective of our future research. Since this is not the focus of this paper, we let ε i = time t based on the survey result of acceptable travel time of the corresponding subway trip [20] , which means that if the travel time of urban rail transit time r exceeds twice the taxi travel time time t , then this trip fails to meet the temporal constraint. Ultimately, the potential transit trip filtered with the spatiotemporal constraints is trip 1 , whereas trip 2 fails to satisfy the spatial constraint.
The travel time by urban rail transit time r was obtained by using the travel time prediction function of Google Maps Navigation. When two positions are input under the urban rail transit network option in the Google map, it can automatically return the travel time of the recommended route plan. We implement the large-scale computing of all OD pairs of extracted taxi trips by the Google map API. The travel time by taxi time t was directly calculated from the trip information. The statistical results of taxi trips in different analysis steps are listed in Table 2 .
C. DECOMPOSING THE TRAVEL DEMAND MATRIX
As mentioned above, the stable and regular portion of the travel demand is the targeted group that may be transferred to urban rail transit by proper measures. The stochastic and occasional travel demands are well adapted to the taxi service. The extraction task was implemented in the following two steps: (1) creating the demand matrix of all taxi trips; (2) decomposing the travel demand matrix according to the change in the temporal dimension to reconstruct a new demand matrix using only the deterministic demand.
1) CONSTRUCTION OF TRAVEL DEMAND MATRIX
Spatial scale and temporal granularity are two critical factors in analysis accuracy. We divide the urban rail transit service area into grid cells and split the time axis into several time slots using a 2-h interval. We consider the service scope of the rail station [29] and the effect of granularity of grid cell on algorithm accuracy [30] when defining the scale of the spatial analysis unit. Since the time regularity of the travel demand hinges on the rhythm of residents' daily lives, the time interval in this study was determined by referring to previous research [28] . In this study, the 2-h slot was used as the time unit because this provided a good tradeoff between temporal resolution and fluctuations. Then, we aggregate the number of origin and destination locations of all filtered trips in each grid cell at each time slot respectively [28] , [31] . For the urban rail transit station, the pick-up and drop-off demands may be regarded as the access travel (attraction) and egress travel (generation) demands respectively.
Let O and D be the matrices of the pick-up and drop-off demand respectively, where the row number is the time slot and the column number is the grid cell. O/D is an n * m matrix and the entry is represented as x ij (i = 1, 2, · · · ,m;j = 1, 2, · · · ,n), which is the total number of pick-up/drop-off points that fall into a grid cell gc i in a given time slot ts j , where O =    
x 11 x 12 · · · x 1n x 21 x 22 · · · x 2n · · · · · · · · · · · · x m1 x m2 · · · x mn     (1)
2) DECOMPOSITION OF TRAVEL DEMAND MATRIX
Singular value decomposition (SVD), also known as principal component analysis [32] is the most commonly used technique to explore the intrinsic structure of a real or complex matrix. This method has been used for network traffic analysis in many fields, such as video surveillance [33] and internet network traffic [34] . Formally, the SVD of an m * n matrix O can be computed using the following equation:
where U is an m * m real unitary matrix, S is an m * n rectangular diagonal matrix with non-negative real numbers on the diagonal, and V is a n * n real or complex unitary matrix. The diagonal entries δ i of S are known as the singular values of O. The columns of U and the columns of V are called the left-singular vectors and right-singular vectors of O respectively. r = rank(O) and the demand matrix can be decomposed into r sub-matrices with a rank of 1. In Eq. (2), u i and v i are regarded as the ith demand pattern and i th temporal flow respectively and they have a one-toone relationship. The temporal flow, which represents the variation of a specific demand pattern over the observation period [31] , is used to analyze the characteristics of the demand. A systematical classification that has been used in various analyses of network traffic [35] - [38] contains three typical temporal variability patterns of the demand and can be derived according to the criteria given by [34] . Finally, the potential access and egress demands for the rail transit station are obtained by decomposing the O and D matrices respectively.
D. TEMPORAL DISTRIBUTION PATTERN OF POTENTIAL URBAN RAIL TRANSIT DEMAND
Given the differences in land use and demographic features around the urban rail transit stations, there are various trends in the time-varying curves of the rail stations' potential demand. The temporal distribution pattern of the potential demand plays a decisive role in developing targeted strategies to improve the attraction of the urban rail transit system. A novel hybrid station classification method is developed based on the temporal distribution pattern of the potential urban rail transit demand (see Fig. 4 ). First, the mean of the demand volume is used as a threshold to separate stations into high volume demand class and low volume demand (LVD) class (less than 1 per time slot). Second, the zero ratio, which is the percentage of time slots with no value, is used to split the high volume demand class into the low zero ratio class and the high zero ratio (HZR) class. Third, a novel feature extraction technique called local neighbor descriptive pattern (LNDP) is adopted to cluster the rail stations in the low zero ratio class. Because this technique is able to reveal the inherent information of nonstationary properties [39] . Feature extraction techniques based on the local patterns of transformation are computationally simple and widely used in different pattern recognition applications, such as face recognition [40] , signal processing [41] , and speech processing [42] . The LNDP is able to capture the neighborhood relationship and preserve the structural properties of the pattern. It is performed by comparing the value of the neighboring points in the pattern.
V. RESULTS

A. MATRIX DECOMPOSITION RESULT
The study area is divided by 100 * 100 meter grids and a total of 113,959 grid cells are obtained. A day is split into 12 2-h intervals and the total number of the time slot is 144 in the observation period. However, some units have so few demands that cannot meet the scale requirement. Therefore, we preprocessed the data by filtering out the grid cell having less than 12 taxi ridership volume during the observation period and obtained the 13,421 valid grid cells. After preprocessing, the two 13421 × 144 demand matrices O and D are created.
The O demand matrix is decomposed into three matrices U 13421×13421 , S 13421×144 , and V 144×144 by the SVD algorithm. According to the three criteria [34] , there are only three distinctly different types of temporal flows in the V matrix, as shown in Fig. 5 . The horizontal axis denotes time slot and the vertical axis denotes the corresponding eigenvector to time slot. Fig. 5a shows the deterministic demand, which exhibits strong trends and periodicities. Fig. 5b shows occasional short-lived bursts inflows and Fig. 5c exhibits random variation. Ultimately, we find that the first four columns of V exhibited variation regularities with time, accounting for 68.923% of the energy contribution. Therefore, we used 4 sub-matrices to re-construct the demand matrix according to Eq. (2) and select the entries in the period of rail operation time as the potential urban rail transit demand.
B. TEMPORAL FEATURES OF THE POTENTIAL URBAN RAIL TRANSIT DEMAND
The spatiotemporal features of the potential travel demand at different stations are visualized in a three-dimensional framework. The x-, y-, and z-axis stand for the time slot, rail station, and demand volume respectively. The origin demand of the taxi trip, i.e., the pick-up points, can be considered as the access demand for the nearest urban rail transit stations. Likewise, the destination demand for the taxi trip, i.e., the drop-off points, can be regarded as the egress demand. Figures 6a and b show the temporal fluctuations of the potential access and egress travel demand respectively of different urban rail transit stations. The curves with different colors represent different urban rail transit stations. In order to show the temporal distribution of potential demand at metro stations more clear, we also illustrated each time-varying curve in the two-dimensional view (see Table 4 in Appendix) The vertical axis represents demand volume, and the horizontal axis represents time slot. The Fig. 6a is distinctly different from Fig. 6b and exhibits significant asymmetrical passenger flows in both directions. This is consistent with the findings of previous studies [43] - [45] . For example, at the Hongqiao Airport Terminal 2 station, the access demand peak occurs during 16:00∼18:00 whereas the egress demand peak occurs during 8:00∼10:00. However, the potential demands of both directions at Songjiang Xincheng station maintain a high value almost throughout the day. The results of multiple timevarying patterns of travel demand at urban rail transit stations indicate that traditional station classification methods [46] fail to exactly express the subtle differences in demand among different rail station service areas. Figure 7 shows the spatial distribution of the potential demand for access and egress. The size of each circle represents the potential demand volume of a metro station. The bigger the circle means the greater the potential demand volume. The blue part indicates the access demand and the red stands for the egress travel demand. We can see significant asymmetry between access and egress demand. In terms of total volume, the following stations, North Jiading, Songjiang University Town, Nan Xiang, Qi Bao, and North Yanggao Road should be investigated further. Table 3 summarizes the number and proportion of stations in each class. Figs. 8 and 9 show the visualization results of each class pattern for the access and egress demand. The access and egress demands were classified into six classes. The classes of LVD and HZR demand account for nearly 40% of all stations. Most stations belong to the class of low demand, demonstrating that only a small proportion of the passenger flow is evenly distributed throughout the day and the maximum value is less than 3. One reason is that less travel demand occurs in the service areas of these urban rail transit stations due to the demographic characteristic and land use. Another reason is that the services and facilities of public transportation near these urban rail transit stations are of high quality and can meet the passengers' needs. In contrast, the class of HZR demand indicates that travel demand in these stations is zero most of the time and the high volume occurs in some time slots. For example, the access demands of 7 stations, e.g., Shanghai Zoo, South Qilianshan Road, and Waihuan Road, only exhibit morning peaks.
C. SPATIAL DISTRIBUTION OF THE POTENTIAL URBAN RAIL TRANSIT DEMAND
D. CLASSIFICATION OF RAIL STATIONS
Figs. 8c∼f show the rail stations in Class 1 to 4 for the potential access demand. As shown in Fig. 8c , the potential demand of the stations in Class 1 is consistent with the expected morning and evening peaks. These stations attract more passengers in the morning than in the evening. This occurs because some large-scale communities such as Jiading Xin Cheng and Anting, are located near these stations but without balanced employment opportunities. The opposite situation is observed in Class 2, that employment opportunities appear to be clustered in these station service areas and result in a relatively high evening peak. Fig. 8e shows a trend of increasing demand over time and the maximum volume occurs during the evening peak period. The potential demands in Class 4 exhibit an interesting temporal pattern with two distinct and nearly equal peaks (at noon and in the evening). The Songjiang Sports Centre station has extreme high volumes, followed by Songjiang Xincheng station, Gongkang Road station, and Songjiang University Town station. These three stations in Class 4 are all located on Line 9 next to each other, indicating that the public transportation service in this region requires urgent improvement.
Near identical patterns in potential egress demands for the urban rail transit stations are observed in Figs. 9c∼f. Stations in Class 1 are near districts with more dwellings and fewer companies. The influx of people arriving at these places is larger during the evening than during the morning rush hour. The stations in Class 2 account for 18.7% of the total, making this the second-largest class in the egress demand category. The demand pattern in Class 2 exhibits a peak in the morning, demonstrating that the service problems of these rail stations are more serious in the morning. It is worth noting that the demand volume of the Hongqiao Airport Terminal 2 station is far higher than that of other stations. This is not surprising because this station is not only a major terminal that offers long-distance inter-city train services. Moreover, this station is also located in the Hongqiao Central Business District, which is a first-class global business district featuring high-end business and trading, conventions, and exhibitions. In Class 3 (see Fig. 9e ), one observes a late morning peak and a late noon peak. This may be indicative of leisure activities occurring in these areas because these stations are all in close proximity to parks, such as Songjiang central park station and Senlan sports park station. Compared to the access demand, Class 4 (see Fig. 9f ) exhibits a more typical three-peak pattern (morning, noon, and evening) for the egress demand, indicating that these stations are used mainly by commuters. Similar to the access demand shown in Fig. 8f , the egress demand volumes exhibit significant differences among stations.
Despite the similar patterns, each station also has its unique trends. For instance, Malu and Songjiang University Town have similar patterns for access and egress demand. In particular, Malu station falls into Class 1 for both access and egress demand. Both demand patterns of Songjiang University Town exhibit three peaks: morning, noon, and evening. These results provide insights that broaden our understanding of the potential demand and also allow us to identify the types of public transport services that require improvement. The efficiency of a transit network not only depends on the transit system itself but also on how people can access or egress the system [4] . Therefore, future research should investigate in detail how to improve the level of service for each class of stations by integrating detailed bus and other emerging modes (such as automated vehicles [47] and feed bus).
VI. DISCUSSION AND CONCLUSION
This study sheds light on how the emerging taxi trajectory data can be used to promote the usage of the public transportation system. A novel method was put forward to determine the potential urban rail transit demand using taxi trajectory data and revealing its spatiotemporal distribution patterns. The analysis results demonstrated the existence of considerable and compelling potential demand with the possibility to shift to the urban rail transit system. The findings are consistent with the results of previous study. Jiang et al. [16] defined the subway-competing taxi trips from spatiotemporal perspectives and found this type of taxi trip accounts for 19.32% in Beijing taxi trips. The potentail urban rail transit trips explored in this study can also be regarded as the subway-competing taxi trips. The proportion of this type of taxi trips is about 13.33% in Shanghai (see Table 2 ), which is roughly identical to the same type of taxi trip rate in Beijing. This finding provides a novel bottom-up view to understand the demand generation of the urban rail transit system and encourage a shift from automobile to subway transportation [2] .
We also investigate the spatiotemporal pattern of the potential urban rail transit demand using visualization and quantitative techniques. The time-varying curves of the access and egress travel demand exhibited significant differences among different urban rail stations. Accordingly, these different demand patterns indicate that different types of services are required for different urban rail transit stations to attract potential users. We integrated a threshold method and feature extraction technique to classify metro stations into main four classes according to the temporal patterns of potential demand. The results of this study provide detailed demand data for developing multimodal transfer facilities to solve ''the last mile problem''. Given the curb-to-curb flexible advantage, taxis, ride-sourcing, and the upcoming shared autonomous vehicles can be considered a multimodal connection service for transit use. In addition, the integration of bus services near transit stations or the implementation of more flexible bus routes can facilitate better collaborative operations between bus and urban rail transit. Building synergies in multiple traffic modes would lead to more sustainable urban transport [15] .
This research opens venues for study in the field of public transportation using probe vehicle trajectories and expands the algorithm and application of data mining. The findings of the urban rail transit potential demand and its spatiotemporal characteristics are the prerequisites to increase the ridership of urban rail transit by some effective and target measures. In future research, we will conduct more specific studies based on the estimated potential demand and focus on three aspects. First, by integrating the existing bus network, we will identify potential bus stops and plan routes to meet the requirements of the last-mile service. Second, we will consider emerging ride-sourcing options such as Uber, Lyft, and Didi Chuxing to facilitate the synergistic development of multiple modes of transportation and a quantitative analysis will be conducted. Third, by considering the willingness and the demographic characteristic of travelers to shift to urban rail transit, we will fuse survey data and trajectory data to increase the accuracy of the demand volume.
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